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INTRODUCTION
Drought is an inherent trait of most rangelands including those found in the Northern Great Plains. For example, Hurtt (1951) reported drought occurred once every 5 yr in southeastern Montana, and Johnson (1985) reported drought occurred once every 4 yr in southeastern Alberta.
The impacts of drought on rangeland ecosystems are numerous and well documented with much of the early ecological research conducted on Great Plains rangelands being driven by the droughts of the 1930s (Weaver and Albertson, 1936 , 1939 , 1944 Ellison and Woolfolk, 1937; Whitman et al., 1943; Albertson et al., 1957) . In general, research has shown that drought conditions reduce both quantity and quality of forage produced and consumed with the resulting effect being a general decline in animal production on both This article is a U.S. government work, and is not subject to copyright in the United States.
an individual animal and per unit area of land basis (Valentine, 1990; Weltzin and McPherson, 2003; Vermeire, 2005, 2006) .
For livestock managers a fundamental problem with drought is its unpredictability. Hence, livestock management strategies and tactics are often reactive rather than proactive. In this study the effects of drought were confined to effects on forage production. The broad objective of this study was to identify key climatic variables associated with drought in the Northern Great Plains whereby impending effects on forage production could be predicted with considerable confidence. Previous research at this location has shown that on average about 90% of Northern Great Plains annual graminoid production is completed by early July (Heitschmidt and Vermeire, 2005) . As a result, we hypothesized that high-impact variables would most likely be from a fairly short period of time (e.g., spring) rather than an entire frost-free growing season. Successfully meeting this objective was prerequisite to developing the cow-calf drought management strategies presented in a companion paper (Kruse et al., 2007) .
MATERIALS AND METHODS
Our approach was to develop and evaluate predictors (multiple regression equations) of annual forage yield from 3 different data sets: one simulated based on climatic and soil data from Miles City, MT; one simulated based on climatic and soil data from Lethbridge, AB, Canada; and one composed of actual forage and climatic data collected at Lethbridge, AB. Preliminary analyses of several models revealed small local data sets (i.e., limited to a few years and multiple sites in Miles City, MT) were inadequate to satisfactorily address our objectives. Hence, we used a locally validated model of rangeland forage yield (Rangetek) to simulate long periods of time representing the 2 locations (Miles City and Lethbridge). An existing large data set (Lethbridge, AB) was used to evaluate the simulation approach.
Rangetek (Wight and Neff, 1983 ), a modified version of the Ekalaka Rangeland Hydrology and Yield Model (ERHYM-II; Wight and Hanks, 1981; Wight, 1987) (Smoliak, 1986 ) were used to develop regression equations predicting growing season forage production (simulated yield index). The 50 yr of forage production data were also used from the Manyberries Substation (Smoliak, 1986) to develop regression equations predicting actual forage yield.
Rangetek Model
Rangetek is a climate or waterbalance model, which provides daily simulation of soil water evaporation, transpiration, runoff, and soil water routing for individual range sites. It can utilize real-time climate data to simulate ongoing processes, or it can utilize longterm weather records to simulate runoff and herbage production under a variety of climatic conditions and management practices (Wight, 1987) . Driving variables are daily precipitation, minimum and maximum air temperatures, and solar radiation, which can be simulated by the model. Plant variables required by the model include percent graminoids, percent bare ground, leaf area index, date of start of growing season, date of peak standing crop, date of end of growing season, and a relative growth curve. Soil inputs include number of soil layers, texture, thickness, percent OM, percent sand, percent clay, percent rock fragments, bulk density, and initial soil water. Runoff and site variables include longitude, latitude, elevation, slope, and aspect.
Water enters the system as precipitation and may leave the system as runoff, deep drainage, evaporation, or plant transpiration. As water accumulates in the soil, progressively deeper soil layers are filled to field capacity, and excess water drains to the next layer. Water may be lost from the system as runoff or deep drainage if soil profile is saturated. Soil evaporation and plant transpiration, in that order, remove water from the soil profile, beginning with the uppermost layer. Potential evapotranspirative demand is calculated with the Jensen and Haise (1963) evapotranspiration equation. The potential demand is partitioned into potential transpiration and potential evaporation; values are used to calculate actual transpiration and evaporation (Johnson, 1985) .
Output from the model is in the form of a yield index. The yield index calculated by the model is an estimate of plant growth for current climatic conditions and site parameters and is expressed as a fraction of site potential yield (Johnson, 1985) . This cumulative index equals the ratio of actual transpiration to potential transpiration. The index, or predicted total plant yield, is calculated on the date that peak standing crop occurs. The product of site potential yield (kg/ ha) and the yield index therefore provides an estimate of cumulative production (Johnson, 1985) . The yield index is considered a good indicator of the growing season climate as it relates to plant growth and enables comparisons of range treatments or vegetation inventories among years or range sites by accounting for a large portion of climate-induced variation in plant response (Wight, 1987) .
Fort Keogh Laboratory, Miles City, MT
Herbage production data were from an unpublished study conducted by the USDA Natural Resource Conservation Service over a 3-yr period (1991 to 1993) at the Fort Keogh Laboratory. Climate at Miles City is semiarid with annual precipitation averaging 34 cm. Vegetation at Fort Keogh Laboratory is grama-needlegrass-wheatgrass (Bouteloua-Stipa-Agropyron) mixed grass dominant (Kuchler, 1964 Annual production was measured on 12 sites from a single harvest near time of peak standing crop (i.e., mid-July; Table 1 ). General soil characteristics were found in the Natural Resource Conservation Service survey for Custer County, MT. Initial soil water percentage for all sites was reported by Heitschmidt et al. (1999) . Temperature and precipitation data (NOAA, 2001) were from Miles City Airport, located about 10 km from study sites. Simulated yield index values for the 12 sites were averaged to produce a single predicted index value for statistical analyses.
Manyberries Substation, Lethbridge, AB
Climatic, site, and vegetation data were collected at the Manyberries Substation. Climate at Lethbridge is semiarid with annual precipitation averaging 33 cm. Soils are loamy Aridic Haploborolls and vegetation belongs to the Stipa-Bouteloua faciation of the Mixed Prairie Association (Smoliak, 1986) . Principal herbaceous species are needleand-thread, western wheatgrass, blue grama, prairie junegrass (Koeleria cristata (Lam.) Beauv.), Sandberg's bluegrass (Poa sandbergii Vasey), and threadleaf sedge (Smoliak, 1986) . The dominant shrub is fringed sagewort (Artemisia frigida Willd.).
The single, end-of-growing season (i.e., late September) harvest data set spanned 53 yr (1930 to 1983) . The data set had been used in related study published by Smoliak (1986) . Site variables included Wardlow soil series type, north aspect, an elevation of 938 m, and a slope of 3%. Vegetation variables included an average yield of 388 kg/ha, 79% gramminoids, 30% bare ground, and a leaf area index of 0.70. General soil parameters for the Alberta site were found in the Canadian Soil Series survey.
Statistics
Summarizing from above, 3 data sets were used: 1) 30 yr of simulated production (i.e., yield index) at Fort Keogh Laboratory; 2) 50 yr of simulated production (i.e., yield index) at Manyberries Substation; and 3) 50 yr of field estimated production (i.e., forage yield) at Manyberries Substation. Our hypothesis was that the effects of emerging drought on forage production could be reliably identified from temperature and precipitation data collected from a subset of the growing season (e.g., before July 1). Simulated data were used because actual forage production data were not available for the area of our primary interest (Montana). The simulation model was developed and validated for this area (Wight and Neff, 1983) . For the Alberta location both simulated and actual data were used to provide a type of validation to the use of the simulated data.
Data were collated to correspond to the growing season year to enable a measure of agricultural drought, when moisture during the growing season is inadequate to support healthy forage growth to maturity, prevent extreme forage stress, and permit normal forage production (Kulshreshtha, 1989; Thurow and Taylor, 1999) . Based on previous studies at both locations (Smoliak, 1986; Heitschmidt and Vermeire, 2005) , the regressed 12-mo growing year was defined as extending from the previous August through the current July.
Multiple regression methods were used to determine the effects of the climatic factors on range forage production; i.e., simulated yield index at both locations and actual yield at Manyberries Substation. The stepwise multiple regression procedure of SAS (SAS Inst. Inc., Cary, NC) was used to select the most accurate prediction equations. Independent, or predictor, variables used were monthly total precipitation and monthly average maximum temperatures. Variables remained in the model only at an α-level of 0.05. Best predictors were identified, first using all available data (monthly temperature and precipitation). A second set of predictors was identified constraining the predictor variables to months prior to July. Because temperature variables contributed little to the predictive ability of the equations, a third set of equations was developed using only monthly precipitation prior to July.
RESULTS AND DISCUSSION

Fort Keogh Laboratory, Miles City, MT
Measured precipitation over the 30-yr period was quite variable (Table 2). Greatest annual precipitation recorded was 51.5 cm in 1978 and the least was 13.4 cm in 1988. Mean annual precipitation for the area was 35.2 cm. On average, 72% of the annual precipitation occurred during the growing season (April to September) and 61% of growing season precipitation occurred during the spring (April to June). May and June had the greatest average monthly precipitation and also exhibited the greatest variation in precipitation, a fact which in itself suggests May and June precipitation would be important for predicting drought. The warmest maximum daily temperatures oc- (Table 2) . High temperatures and low precipitation in late summer coincided with summer dormancy. Predicted and Simulated Yield Indexes. Using all available climatic data, the best prediction equation for simulated yield index included April and May precipitation, January and July average maximum temperature, and May minimum temperature (R 2 = 0.87, Table  3 ). Constraining predictor variables to those measured prior to July, the resulting equation included October and November from the prior calendar year, April and May precipitation, and April minimum temperature (R 2 = 0.89). The last step was to constrain variables to only precipitation prior to July because temperature explained very little of the variation in simulated yield index (Table 3) was developed using all available climatic variables (precipitation, maximum and minimum temperatures); Equation 2 was developed using all variables prior to July; Equation 3 was developed using only precipitation variables prior to July.
tation as predictors of simulated yield index (R 2 = 0.84). It is interesting to note that all of the temperature variables, whether maximum or minimum, had negative coefficients, and all the precipitation variables had positive coefficients (Table 3 ). This implies that herbage production was enhanced by cool, wet weather. However, partial R 2 values (Table 4) showed that There was a strong relationship between the simulated yield index from Rangetek and the predicted yield index from regression equation 3 from Table 3 (Figure 1 ). Trends were nearly identical, with magnitude of annual shifts in yield indexes being greater for Rangetek simulations than regression predictions.
Manyberries Substation, Lethbridge, AB
Measured precipitation over the 50-yr period was quite variable (Table 5). Greatest annual precipitation recorded was 60.9 cm in 1965, and the least was 20.5 cm in 1943. Mean annual precipitation for the area was 32.8 cm. On average, 67% of the annual precipitation occurred during the growing season (April to September) and 61% of growing season precipitation occurred during spring (April to June). May and June had the highest average monthly precipitation, and the warmest maximum daily temperatures occurred in June, July, and August (Table 5) .
Correlations between actual forage yield and different measures of precipitation were similar to those described by Smoliak (1986) when the climatic data were collated by calendar year (data not shown). For our analyses, data were collated by growing season, with data from the 1942 growing season removed as outliers (recorded extremely high forage production). Therefore, due to differences in the analyses of and objectives for the data, results reported herein are different from those reported by Smoliak (1986) . Predicted yield indexes from the regression equation and simulated yield indexes from Rangetek (Figure 2) were less similar than at Miles City (Figure 1) . As with the Miles City data, trends in annual shifts in yield indexes were similar, but magnitude of shifts was considerably greater for Rangetek simulations than regression predictions. This may be due to chance alone or some fundamental differences between locations. For example, the growing seasons at Lethbridge and Miles City are quite different, as below freezing average monthly temperatures prevailed in Lethbridge between October and April (Table 5 ) and in Miles City below freezing average monthly temperatures occurred only November through March (Table 2) . (Smoliak, 1986) , included April, June, and July precipitation, plus April maximum temperature and November and June minimum temperature (R 2 = 0.71, Table 6 ). Constraining predictors to those measured prior to July yielded an equation that included September, April, May, and June precipitation, January maximum temperature, and previous year's August minimum temperature (R 2 = 0.66). Using only precipitation variables, the best equation included February, April, May, and June (R 2 = 0.56). February precipitation only explained 7% of the variation in actual forage yield (Table 7) ; however, its biological significance is suspect because such little precipitation is experienced during February and the soil would be frozen, presumably limiting precipitation's effect. When February precipitation was removed, and the resulting equation included April, May, and June (R 2 = 0.50). As was found in Miles City, all of the temperature variables had negative coefficients (Table 6 ). This described the relationship between temperature and forage yield index to be negative and consistent between the 2 locations. Table 7 shows the partial R 2 values, which were again consistent with Miles City; i.e., temperature variables explained only a small amount of variation. July precipitation did have a relatively high partial R 2 value when predicting actual forage data, suggesting July precipitation is a key variable affecting forage production in Alberta.
Predicted annual forage production followed the same trends as actual production (Figure 3 ). But as with the simulated Rangetek yield indexes (Figure 2) , magnitude of annual shifts in production were not well predicted in some instances. Figure 4 compares annual Rangetek simulated yield index values to actual annual forage production. The correlation between simulated yield index and actual forage production was 0.59 (P < 0.01). Directional trends were similar among years, but annual variations tended to be greater for Rangetek simulated values than actual production. This may imply that Rangetek simulations were affected more by April and May precipitation and less by summer precipitation than actual production. This in turn suggests caution should be exercised when using Rangetek to predict forage production in Alberta. Still, analyses of both actual and simulated data sets revealed that spring and early summer precipitation were important determinants of level of annual forage production.
This project included analyses of both actual and simulated data. Simulated forage yield was used because we did not have a data set representing our immediate region (i.e., eastern Montana) that was sufficient to address our objectives. Actual historical data (Alberta) served to provide not only a second location, but also a check on the simulation approach. Prediction equations for forage production based on simulated or actual data yielded similar conclusions, providing evidence that our conclusions based on use of the Rangetek model in Miles City were reasonable.
Our approach was to develop practical early predictors of forage production as affected by emerging drought. Early prediction is prerequisite to providing livestock managers with the opportunity to make meaningful management changes that minimize the negative effects of drought on rangelands as well as beef enterprises (Kruse et al., 2007) . Our results suggest that forage production can be predicted with some confidence from spring (April through June) precipitation at both Miles City, MT, and Lethbridge, Alberta. Although temperature and July precipitation added reliability to the models statistically, they added complexity and decreased the utility of the models as early, practical predictors of forthcoming forage conditions. Temperature and July precipitation variables increased the ability of the regression equations to explain the variation seen in forage production, but the proportion of the variation explained by each variable was small and inconsistent. To us it appears less practical for producers to collect average temperature measurements; many ranchers keep track of precipitation. The majority of the research reported in the last 70 yr has shown that some measure of precipitation is one of the most important factors in forage growth (see review by Kruse, 2002) . Sneva and Hyder (1962a,b) performed similar work utilizing yield indices and found that semiarid communities of native or well-adapted introduced species fluctuated with precipitation in a fairly uniform and predictable manner when data were collated during a growing season. Wight et al. (1984) used the Rangetek model to relate soil water and climatic parameters to plant growth. They found that two-thirds of the fieldmeasured yields were within one SD of forecasted yields for the April, May, and June forecasts using 55 yr of weather records and 12 yr of actual yield and soil water data. Hanson et al. (1982) compared long-term historical and stochastically generated weather records in terms of their statistical attributes and effects on herbage yield and runoff forecasts calculated from the Rangetek model simulations. Yield forecasts were similar using either historical or synthetic weather records.
Our results suggest that predictions based on spring precipitation could be used effectively to make management decisions as early as July 1. Sneva and Hyder (1962a,b) in eastern Oregon and Smoliak (1956) in Southern Alberta declared that predictions of forage production could be utilized by July 1 as well. Although Smoliak (1986) conceded, as we do, that August 1 is a more reliable date than July 1 for predicting drought, we advocate July 1 because 1) it has been shown that on average 91% of perennial grass forage production is completed by July 1 at Fort Keogh Laboratory (Heitschmidt and Vermeire, 2005) ; and 2) July 1 provides one additional month of time to respond to drought. Still, responding to drought in August is certainly better than failing to respond at all.
It has been shown that use of prediction equations should be limited to areas of similar vegetation and soil type (Cannon and Nielson, 1984) . Differences in equations developed for Fort Keogh Laboratory and Manyberries Substation appear to support this concept. However, for the specific purpose of early prediction of drought, all the models define spring and early summer as predictors of forage production.
IMPLICATIONS
Ranchers can use weather records to reasonably forecast forage production by July 1. Practically, forage produced by early July is a good indicator of growing season forage production. Producers can then detect drought-reduced forage production and change management strategies early in the growing season to forestall some of the negative impacts of drought on range resources and livestock performance.
